INTRODUCTION

19
Gestational diabetes mellitus (GDM) is defined as dysglycemia due to elevated blood glucose 20 levels first identified during pregnancy, and is specifically defined based on glucose response 21 to an oral glucose challenge test in pregnancy. GDM has been associated with numerous 22 adverse health outcomes affecting mother and child, both during and after pregnancy 1, 2 . 23
Because of its increasing prevalence (~ 1 in 7 births), GDM has become a major health 24 concern worldwide 3 . Nevertheless, the prevalence of GDM largely varies from one region of 25 the globe to the other, and South Asian women have been shown to be at higher risk of GDM 26 than white British women. 27
Although GDM is thought to have a strong genetic component, to our knowledge, no studies 28 have estimated the heritability of GDM. Nevertheless, since GDM and T2D have similar risk 29 factors and share common pathophysiological pathways, the heritability of GDM is thought to 30 be similar to that of T2D. 31
Numerous genome-wide association studies (GWASs) and genome-wide association meta-32 analysis (GWAMAs) of glucose related traits and T2D have been conducted in non-gravid 33 populations, and summary statistics from large consortia (e.g., MAGIC and DIAGRAM) are 34 publicly available [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] . By contrast, few studies of genetic determinants of GDM have been 35 conducted or published. For instance, only two studies sought to identify genes associated 36 with dysglycemia, GDM, and diabetes during pregnancy by GWAS 14, 15 . Top signals from 37 these studies were located within/near CDKAL1, MTNR1B, GCKR, PCSK1, PPP1R3B and 38 G6PC2, which were previously known for their association with glucose metabolism and T2D 39 5 GRS are used to capture genetic information at one or more loci. Most of published studies 43 interested in complex traits/diseases and using GRS typically combine data for a small 44 number of single nucleotide polymorphisms (SNPs), and the predictive power of these GRS is 45 sub-optimal 43 . However, with the increased availability of genome-wide genotypes and 46 publicly available data from large consortia, GRS with a larger number of variants are being 47 used, and the predictive value of these genome-wide polygenic risk scores (PRSs) has 48 substantially improved 44, 45 . 49 PRSs can be derived using different approaches, however, these require both summary 50 statistics from an external GWAS and genetic data for a reference panel for between-variants 51 linkage disequilibrium LD (LD) calculations. Pruning and thresholding (P+T) is a commonly 52 used heuristic approach to derive PRSs in which variants are filtered based on an empirically 53 determined P-value threshold. Linked variants are further clustered in different groups and 54
SNPs with the highest significance (lowest P values) in each group are prioritized and 55 included in the PRS, while variants of less significance within the group are pruned out 46 . 56 Other programs have been shown to improve the predictive value of the score by allowing the 57 inclusion of a larger number of independent as well as linked variants into the score using 58 different approaches. For instance, LDpred, another commonly used method, estimates the 59 mean weight of each variant, assuming a prior knowledge of the genetic architecture of the 60 trait (fraction causal), and using a Bayesian approach 47 . More recently, we developed the 61 gradient boosted and LD adjusted (GraBLD), a new PRS building approach which applies 62 principles of machine-learning to estimate SNP weights (gradient boosted regression trees), 63 and regional LD adjustment 48 . 64
The first objective of this study was to determine the optimal gene scores and investigate the 65 association of genetic variants combined in these PRSs with GDM in South Asian women 66 participating to the South Asian Birth Cohort (START). We considered several parameters: 1) 
RESULTS:
78
Population characteristics:
79 Table 1 shows the characteristics of START and UK Biobank women included in the 80 analyses. Because of major differences in recruitment strategies, inclusion criteria and study 81 protocols, selected participants from the UK Biobank were of older age, higher weight, and 82 body mass index (BMI) compared to START participants. Furthermore, the proportion of 83 participants with GDM was significantly lower in South Asian women from the UK Biobank 84 and even more so in European women of the same study. 85
Minimum sample size per SNP in consortium data: 86 Summary statistics were derived from a trans-ethnic (Mahajan et al., 2014 5 ) and white 87
Caucasian (Scott et al., 2017 6 ) GWAMAs of the DIAGRAM consortium. In each study, the 88 number of participants tested for association with T2D was different for each SNP, and The odds of developing GDM was 2 to 2.5 fold higher in participants with the highest PRSs 152 (top 25%) compared to the rest (75%) of the study population, depending on the type of PRS 153 used. When analyzing participants with high and low PRSs values only, our results show that 154 participants with the highest PRS values (top 25%) had between 3 and 3.4 fold increase in 155 their risk of GDM compared to the participants with the lowest PRS values (bottom 25%). 156
These results were similar in both UK Biobank South Asian and white British replication 157 datasets (Table 3) . 158
In order to better characterize the genetic architecture of GDM, heritability was estimated 160 from 1) genome-wide genotype data (h 
DISCUSSION
173
In this study, we built several thousands of GDM PRS using genome-wide genotypes, large 174 consortium data and 3 different methods. Our best PRS was built using the LDpred method, 175 with weights extracted from Mahajan et al. and LD calculated using 1KG genotypes. This 176 PRS was significantly associated with GDM in South Asian women from the START study, 177 an observation that was successfully replicated in South Asian and white British women from 178 UK Biobank. Participants with the highest PRS values had an increased risk of GDM when 179 compared to the other groups. 180
We observed a considerable difference in the proportion of participants with GDM betweenmajor differences in the study design, recruitment strategies and definition of GDM between 184 the two studies involved. For instance, the definition of GDM status in START was based on 185 glucose levels measurements performed during pregnancy in response to an oral glucose 186 challenge, and South Asian-specific diagnosis cutoffs were used. On the other hand, GDM 187 status was retrospectively self-reported by UK Biobank participants, which most likely 188 resulted in an increased number of misclassifications and a reduced number of reported GDM 189 cases. In an effort to refine the phenotype in UK Biobank, our control group was restricted to 190 women without GDM who also went through at least one live birth. Nevertheless, the lack of 191 sensitivity and specificity of the GDM phenotype likely remains an issue in UK Biobank. Several reports suggest that T2D and GDM share a common genetic background. In the 207 absence of publicly available data of large GDM GWASs, summary statistics from a T2D 208 consortium were used to derive our scores. Our results show that a T2D PRSs can be highly 209 predictive of GDM in South Asian and European-origin women, hence confirming the 210 hypothesis of a common genetic background between these two diseases. However, the effect 211 size of the genetic variants could be different between the two conditions, and some loci could 212 be specific to each disease. Although these differences should not affect our models 213 comparisons, we expect that the predictive value of GDM PRSs will be further improved if 214 built using weights from a large GDM GWAS or GWAMA. 215 A significant conclusion derived from this study is that, whatever the consortium or the 216 method used, restricting the list of SNPs to GWAS significant variants (P value should be interpreted with caution, and larger studies are needed in order estimate the 248 heritability of GDM with higher accuracy. An interesting future analysis would be to further 249 partition these heritability estimates into maternal and fetal genetic effects. Indeed, since 250 maternal glucose cut-offs used to define GDM also rely on the fetal phenotypes (size and 251 adiposity related measures), we strongly suspect that the fetus's genome will also contribute 252 to the mother's risk of developing the disease. Unfortunately, this analysis could not be 253 performed in our study because of our small sample size. 254
Asian women can be greatly improved by combining genome-wide genotyping data and by 256 extracting summary statistics from large multi-ethnic genome-wide meta-analysis. 257 . This study was selected for its large sample size and its 320 relatively homogenous samples (100% white Caucasians).
METHODS
258
Study design and participants
(http://www.diagram-consortium.org). 323
Templates for LD calculation 324 LD calculations used to build the PRSs were derived from the following two genotyping 325 datasets: 1) START study (LD source hereafter referred to as LD START ); and 2) the 1000 326
Genomes consortium (LD source hereafter referred to as LD 1KG ) phase 3. Genotypes of 1000 327
Genomes participants were downloaded from the project's data portal 328 (http://www.internationalgenome.org), and a subset of participants was created in order to 329 match the proportion of the ethnicities represented in each consortium study. 330
Pruning and thresholding PRSs 331
Both weighted and unweighted PRSs were built using GNU Parallel 59 and PLINK v1.9 332 (https://www.cog-genomics.org/plink2). 64 different clump P-value cutoffs ranging from 5 × 333
10
-8 to 1 were tested in order to identify the optimal index variant's significance threshold. All 
LDpred
PRSs were derived using the LDpred software v0.9.9 338 (https://github.com/bvilhjal/ldpred) 47 . The fractions of causal variants assumed a prior were 339 similar to the P value thresholds used for the P+T PRSs. Since the number of SNPs was 340 different between the PRSs, The LD radius was adjusted accordingly in each model using the 341 recommended formula (N SNP/3000). All other parameters were kept on their default setting. 342 GraBLD PRSs were built using several functions available in the GraBLD R package 345 (https://github.com/GMELab/GraBLD) 48 . Data of all the women participating in the START 346 study were used for the calibration. All parameters were set to default. 347
Association analysis
348
The association of each PRS with GDM was assessed using a univariate logistic regression 349 model, and areas under the receiver-operating characteristic (ROC) curves (AUCs, c-350 .
Single component GREML models were tested. Because of the large number of 360 UK Biobank white British participants, heritability of GDM was estimated in subgroup of 361 participants selected for inclusion in a case-cohort study (N = 623 cases of GDM and 9,037 362 controls). Hence, reported values for this study were adjusted for a disease prevalence of 363 0.4%, as estimated in all of the white British women with GDM data in UK Biobank (Table  364 1). Heritability was not estimated in South Asian women from UK biobank given the small 365 number of GDM cases in this group. All models were adjusted for the first 3 PCA axes. wPRS, weighted PRSs.
